Abstract: Ultrasonic-assisted extraction (UAE) of quercetin and rutin from the stalks of Euonymus alatus (Thunb.) Sieb in our laboratory, which aimed at evaluating and optimizing the process parameters, was investigated in this work. In addition, process parameters such as ethanol solution concentration, solvent volume/sample ratio, ultrasound power and extraction time, ultrasound frequency and extraction temperature were also first applied for evaluating the influence of extraction of quercetin and rutin. Optimum process parameters obtained were: ethanol solution 60%, extraction time 30 min, solvent volume/sample ratio 40 mL/g, ultrasound power 200 W, extraction temperature 30 • C and ultrasound frequency 80 kHz. Further a hybrid predictive model, which is based on least squares support vector machine (LS-SVM) in combination with improved fruit fly optimization algorithm (IFOA), was first used to predict the UAE process. The established IFOA-LS-SVM model, in which six process parameters and extraction yields of quercetin and rutin were used as input variables and output variables, respectively, successfully predicted the extraction yields of quercetin and rutin with a low error. Moreover, by comparison with SVM, LS-SVM and multiple regression models, IFOA-LS-SVM model has higher accuracy and faster convergence. Results proved that the proposed model is capable of predicting extraction yields of quercetin and rutin in UAE process.
Introduction
Euonymus alatus (Thunb.) Sieb, an important conventional medicinal herb, has received increasing interest worldwide due to its reliable therapeutic activity and long history of clinical practice. Quercetin and rutin are of great importance as bioactive compounds from the stalks of Euonymus alatus (Thunb.) Sieb [1] . They can be used as an excellent source of pharmaceutical products for phytotherapy, and have shown significant scavenging of anti-ageing activity and free oxygen radicals [2] .
Instrumentation and Analytical Conditions
An extraction apparatus with an ultrasonic bath (300 mm × 240 mm × 150 mm) (Hongxianglong Biotechnology Developing Co., Ltd., Beijing, China) was used for extraction experiments. The apparatus has a work frequency in a range of 18-200 kHz and the power rating of the ultrasonic bath is 500 W on the scale of 1-8, corresponding to the powers of 25, 50, 100, 150, 200, 300, 400 and 500 W, respectively. The actual electrical power or ultrasonic energy to the transducers was measured by using a digital wattmeter (JYK-96var, Shanghai elite Instrument Electric Co., Ltd., Shanghai, China), to be 24.9, 50.4, 98.9, 199.4, 300.7 and 401.2 W, respectively for the setting of 1, 2, 3, 5, 6 and 8 tested in this study. Extraction temperature was controlled by the water temperature in the ultrasonic bath, which can be circulated and regulated at constant desired temperatures using a heating/cooling temperature controlling circulator included in the extraction apparatus. Moreover, time can also be set to a desired value by a digital timer. For HPLC analysis, an Agilent Model 1100 HPLC system (Agilent Co., Qbiogene, CA, USA), which consists of a controller, a G1311A pump and a G1314A multi-wavelength detector, was used to determinate quercetin and rutin. Meanwhile, calibration curve method was also applied for the HPLC analysis of quercetin and rutin from Euonymus. alatus.
Ultrasound-Assisted Extraction
Because the extraction results may be influenced by the small variations in the experimental conditions, a 250 mL flat bottom flask with 7 cm diameter was selected due to a optimum extraction result according to the previous report [29] . Moreover, the bottom flask was kept at 2.5 cm above the bottom of the bath and the liquid height in the flask was kept at 6.4 cm. As the extraction solvent, the ethanol aqueous solution was added into the flask. Then, it was heated to the desired temperature. Five grams of dried sample powders were added into the flask. Agitate the mixture and then immerse the flask into the axis center position of the bath, which contains 3.5 L of water. The ethanol aqueous solution surface in the flask was maintained at the same height level of water. After that, ultrasound power and ultrasound frequency were adjusted to the proper values (according to the experimental planning). After irradiating under ultrasound for a desired time, the quercetin and rutin were induced into the liquid phase. When extraction finished, the flask was taken out and cooled to room temperature. The extract solution was filtered through a 0.45 µm filter before HPLC analysis. The extraction yield of quercetin and rutin can be calculated using Equation (1) [30] .
Extraction yield (mg/g) = amount of target analyte (mg) sample weight (g) (1) where amount of target analyte represents the average mass of three subsequent sample determinations, and sample weight represents the average weight from 3 samples before extraction.
Statistical Analysis
Each extraction procedure was replicated 3 times. The significance of the differences of quercetin and rutin was calculated using a one-way ANOVA procedure. Duncan's multiple range tests were applied for the determination of significant differences among treatments at p-values < 0.05. The results of HPLC analysis were expressed as the mean value ± the standard deviation.
Methodology of FOA-LS-SVM Model

Support Vector Machine (SVM)
As a supervised machine learning method, SVM aims to finite data points based on statistical learning theory [31] . Details of the SVM algorithm can be found in the literature [32, 33] .
Assume a training data set is defined as {x k , y k } N k=1 , and the input data and the corresponding output are x k ∈ R n and y k ∈ R m , respectively. The feature space of SVM model is expressed as Equation (2) .
where ω represents the weight vector of the same dimension as the feature space, superscript T is transpose matrix, b is bias terms, and ϕ(·) : R n → R m represents the nonlinear mapping function which is not explicitly constructed.
To solve the solution of SVM model, quadratic programming method is usually adopted. However, this method is difficult to implement and is time consuming. Moreover, it is often confronted with some problems such as long CPU time and large memory requirement when trained SVM model [18] , and so on.
Least Squares Support Vector Machine (LS-SVM)
Regarding those issues above, an improved version of SVM, called least Squares Support Vector Machine, was proposed by Suykens and Vandewalle [33] . By substituting the convex quadratic programming problem through utilizing equality constraints, LS-SVM can not only reduce the complexity of SVM, but also enhance its convergence speed. For LS-SVM, the formulation of primal problem can be expressed as Equation (3) [18, 33] .
Subject to
where γ represents the regularization parameter, which balances the training errors and the complexity of model; and e k represents the slack variable.
To solve this optimization problem, the Lagrange function is adopted to construct as follow.
where α k are Lagrange multipliers. According to the Kuhn-Tucker conditions [34] , the solutions of Equation (5) can be obtained by performing partial differential for each variable.
After w and e k are removed, the solution of Equation (6) can also be rewritten by:
with
and
Then, the regression function of LS-SVM model for parameter prediction can be obtained as:
where K(x, x k ) is the kernel function, which is used for mapping input vectors into a high-dimension feature space. There are several kinds of kernel functions including radial basis function (RBF), polynomial, sigmoid. Due to an excellent overall performance and fewer parameters, the RBF kernel function is more interesting to apply in many fields [35] . Therefore, the RBF kernel function was selected in this work and its equation is expressed as:
where σ 2 is the kernel parameter, which can be optimized by an optimization algorithm such as FOA. Consequently, in the LS-SVM mode, there are only two parameters, which are γ and σ 2 , need to be chosen. In this work, an improved fruit fly optimization algorithm will be applied for seeking the optimal values of γ and σ 2 .
Basic Fruit Fly Optimization Algorithm (FOA)
FOA, a new swarm intelligence algorithm by fruit fly foraging behavior for global optimization, was first proposed by Pan in 2012. Fruit fly is an insect, which likes living in the tropical and temperate climate regions and eating rotten fruits and leaves. The olfactory and visual senses of fruit fly are better than other species. The basic thought of food seeking process of fruit fly is summarized as follows.
Firstly, the fruit fly smells the food source by its olfactory organ. When the fruit fly has smelled the food odors, it then flies towards that food location. When the fruit fly reaches the location of target food, it will continue to seek flocking locations of other fruit flies and other foods by its sensitive vision. Finally, the fruit fly flies towards that direction. Repeat above processes until the optimum food is found. Figure 1 illustrates the iterative process for food seeking of fruit fly swarm. The details on the seeking procedures of basic FOA can refer to literature [28] .
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Improved Fruit Fly Optimization Algorithm (IFOA)
For the basic FOA, the fruit fly seeks the food by the pre-set step size. It means that the seeking step size of fruit fly is always fixed. Obviously, under such circumstance, if the seeking step size is larger, which can lead to the wider search space, the global search ability will be strengthened obviously, while its local search ability will be weakened remarkably. On the contrary, the smaller seeking step size will bring about the limited search space. In this case, the FOA easily traps into the local optimum, while its convergence speed is improved. Therefore, we need an appropriate step size, which can well balance the global search capability and the local search capability.
In order to solve this issue, we introduced a novel adaptive step update factor to adjust the seeking distance of fruit fly in each iteration process. The main thought of the improved algorithm is summarized as follows. At the initial stage in the iteration process, assign the fruit fly a bigger step value, which is beneficial to rapidly seek the approximate position of food. Then, at the later phase, assign the fruit fly a smaller step size, which is conducive to accurately converge the target position of food. The following expressions are the step size update mechanism.
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where w(i) is the step update factor; w max and w min represent the maximum and minimum of step factor, respectively; g represents the current iteration number and M is the corresponding maximum; a represents the parameter, which is used to regulate the fly location change; D RandValue (i) represents the random iteration step; (X i , Y i ) and (X axist , Y axist ) denote the current position coordinate and the initial position coordinate at ith fruit fly, respectively; Dist i is the distance of ith fruit fly to the original point; and S i is the reciprocal of Dist i , which represents the smell concentration judgment value. The improved algorithm step variations at a = 5 is depicted in Figure 2 .
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As can be seen, the step gradually decreases with the increasing of / g M from 0 to 1.0. That is to say, in the early stage in the iteration process, the improved FOA has a bigger step size that possesses a slowly reducing rate. In the later phase, the step reaches its minimal size with a rapidly reducing rate.
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Effect of Process Parameters
Effect of Concentration of Ethanol Solution
Five different concentrations of ethanol solution (30%, 40%, 50%, 60%, 70%, and 80%) have been used to extract quercetin and rutin from Euonymus alatus (Thunb.) Sieb. All extraction experiments are performed at room temperature for 30 min. The results shown in Figure 3 indicated that the extraction efficiency of quercetin and rutin significantly increased with the increasing concentration of ethanol solution from 30% to 60%. However, little increase in the extraction yields was found when higher concentrations of ethanol solution were applied. Relative polarity is the probable reason. In addition, it may be attributed to strengthened effective swelling of the solid samples in the liquid medium, which is favorable for expanding the surface contact area of solute-solvent [36] . Hence, 60% ethanol solution was used as the following extraction experiments. Step variations curve at a = 5.
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Effect of Solvent Volume/Sample Ratio
The influence of solvent volume/sample ratio on the extraction of quercetin and rutin was evaluated. As shown in Figure 4 , the extraction yields rapidly increased with the solvent volume/sample ratio increase from 20 to 40 mL/g. In general, more solvent volumes can effectively dissolve more target components, leading to an enhancement of extraction efficiency. However, it was found that there were no significant changes on the extraction yields when the ratios further increased from 40 to 70 mL/g. One of the possible reasons is that ultrasound can promote the establishment of the dissolution equilibrium of the target compounds between the extraction solvent and the cell walls of plant samples, so it is very difficult to recover [37, 38] . This result demonstrated that a ratio of 40 mL/g is enough for extraction and is determined as the optimum ratio. A similar result was reported in the earlier literature [10] . 
The influence of solvent volume/sample ratio on the extraction of quercetin and rutin was evaluated. As shown in Figure 4 , the extraction yields rapidly increased with the solvent volume/sample ratio increase from 20 to 40 mL/g. In general, more solvent volumes can effectively dissolve more target components, leading to an enhancement of extraction efficiency. However, it was found that there were no significant changes on the extraction yields when the ratios further increased from 40 to 70 mL/g. One of the possible reasons is that ultrasound can promote the establishment of the dissolution equilibrium of the target compounds between the extraction solvent and the cell walls of plant samples, so it is very difficult to recover [37, 38] . This result demonstrated that a ratio of 40 mL/g is enough for extraction and is determined as the optimum ratio. A similar result was reported in the earlier literature [10] . Figure 5 shows the influence of extraction time using ultrasound on the extraction yield of quercetin and rutin. As can be seen, extraction time has a prominent influence on the extraction yield of quercetin and rutin. That is, the extraction yield increased rapidly within the first 30 min. Subsequently, by prolonging extraction time from 30 to 50 min, only a slight increase of the extraction yields of quercetin and rutin was found. A possible reason is that ultrasonic wave initially can disrupt rapidly the cell walls, so there is a larger contact area between sample and solvent, which is helpful to improve extraction yield. However, when extraction time is prolonged, the contact area would be decreased on the inner cell walls due to the increasing distance. As a result, there was no significant change in an extended extraction period. Therefore, 30 min is more suitable for the extraction of quercetin and rutin.
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In this work, the effect of ultrasonic power on the extraction yield of quercetin and rutin was examined under different ultrasonic conditions. The result is shown in Figure 6 , which exhibited a positive influence on the extraction of quercetin and rutin with the increase in ultrasonic power from 25 to 200 W. When higher ultrasonic power was applied, however, an obvious yield reduction was observed for ultrasonic power between 200 and 400 W. An explanation for this phenomenon is that suitable ultrasound wave can facilitate the cell walls of target sample to disrupt, also can accelerate the diffusing and dissolving of target components in the liquid medium. However, higher ultrasonic power can weaken the cavitation effect because the cavitation bubbles in this case more likely grow too big to collapse [39, 40] . Moreover, excessive cavitation bubbles production can hinder the mass transfer and lead the ultrasound waves to scatter, which weaken the effect of ultrasonic power. As already discussed, to extract quercetin and rutin from Euonymus alatus, the optimum ultrasound power is selected as 200 W.
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Effect of Ultrasonic Frequency
Besides the aforementioned process parameters, ultrasonic frequency is another important parameter for the UAE of quercetin and rutin in this work. The effect of ultrasonic frequency on the yield of quercetin and rutin was studied. The result is illustrated in Figure 8 . As can been seen, similar to other process parameters, the extraction yield is dependent on different ultrasonic frequency. That is, the extraction yield increased with the increase in frequency of 20-80 kHz. Then, it displayed a gradual decrease from 80 to 120 kHz. The possible reason is that ultrasonic frequency of 80 kHz is closer the resonant frequency of the target component cell. Similarly, our previous studies [41] [42] [43] also found a highest extraction yield at one optimal frequency during the extraction of rutin from Sophora japonica and hesperidin from tangerine peels. Thus, 80 kHz as the optimum ultrasonic frequency is used for the UAE of quercetin and rutin. 
Modeling of UAE Using IFOA-LS-SVM
In this work, the prediction model of the UAE of quercetin and rutin from Euonymus alatus (Thunb.) Sieb was established by the improved FOA optimized LS-SVM model. LS-SVM is more 
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In the LS-SVM model, the two key parameters of "γ" and "σ 2 " are optimized by the IFOA. By iterative evolution, the IFOA continuously adjusts these two parameters until the optimum values of parameters are obtained. The procedure diagram of the IFOA-LS-SVM model is illustrated in Figure 10 . To prevent truncation error from experimental data for model developed, all input/output should be normalized to the range [−1, +1] using Equations (16) and (17) .
where x scale and y scale are the scaled valves of input and output, respectively; x and y are the actual values of input and output, respectively; x min and x max represent the minimum and maximum actual values of input, respectively; and y min and y max represent the minimum and maximum actual values of output, respectively. In this work, a total of 60 batches of experimental data are used. Each batch of data represents a complete UAE process. Forty batches of data are used as the training sample to optimize the parameters of LS-SVM and to build the IFOA-LS-SVM model, and the remaining batches of data are used as the testing sample to verify the generalization ability of the model.
The parameters of the IFOA-LS-SVM are set as follows: maxgen (i.e., maximum iteration number) = 200, sizepop (i.e., population size) = 40, (X axist , Y axist ) (i.e., the initial position coordinate) = (2.5, 2.5), the random flight distance range FR⊂ [−15, 15] , and step length = 2, a = 5. All mentioned calculations are performed by means of Matlab program (Mathworks, Natick, MA, USA). The LS-SVM toolbox (LS-SVM v 1.5, Suykens, Leuven, Belgium) is utilized to derive all models under the Windows 7 operating system using a high-performance (Lenovo Co., Beijing, China).
In the LS-SVM model, the two key parameters of "γ" and "σ 2 " are optimized by the IFOA. By iterative evolution, the IFOA continuously adjusts these two parameters until the optimum values of parameters are obtained. The procedure diagram of the IFOA-LS-SVM model is illustrated in Figure 10 . After optimizing processes, the values of "γ" and "σ 2 " were obtained (Table 1) . Based on the optimized parameters, we established a new optimum LS-SVM model and predicted the training set and the generalization set for the extraction of quercetin and rutin. Finally, comparison diagrams between the predicting value and the experimental value are drawn to validate the performance of the proposed model. 
Prediction and Comparstion of between SVM, LS-SVM and IFOA-LS-SVM Models
To evaluate the prediction accuracy of the IFOA-LS-SVM model, the difference between the target values (i.e., the values of extraction yield of quercetin and rutin) and the predicted values (i.e., the actual output of the model) is considered as the error, and is represented in different ways. In this work, four measures, the mean relative error (MRE), the root of mean square error (RMSE), the mean absolute error (MAE) and Theil's inequality coefficient (TIC), are employed for model evaluation. They expresses are defined as follows. After optimizing processes, the values of "γ" and "σ 2 " were obtained (Table 1) . Based on the optimized parameters, we established a new optimum LS-SVM model and predicted the training set and the generalization set for the extraction of quercetin and rutin. Finally, comparison diagrams between the predicting value and the experimental value are drawn to validate the performance of the proposed model. 
To evaluate the prediction accuracy of the IFOA-LS-SVM model, the difference between the target values (i.e., the values of extraction yield of quercetin and rutin) and the predicted values (i.e., the actual output of the model) is considered as the error, and is represented in different ways. In this work, four measures, the mean relative error (MRE), the root of mean square error (RMSE), the mean absolute error (MAE) and Theil's inequality coefficient (TIC), are employed for model evaluation. They expresses are defined as follows.
whereŷ i and y i denote the predicted values of model and actual values, respectively; and n represents the total number of samples. RMSE, MRE and MAE are used to assess the prediction accuracy of model. TIC is applied for evaluating the fitness of model. To compare the predicting effect of extraction yield of quercetin and rutin, the SVM model and LS-SVM model are employed as the comparison basis. The prediction results of three models on the testing dataset are listed in Table 2 . As can be seen, the prediction performance of IFOA-LS-SVM model is superior to other two models. That is, for rutin, the SVM model gave a RMSE of 0.1268, an MRE of 3.87%, an MAE of 0.0998 and a TIC of 0.0082; the LS-SVM model obtained a RMSE of 0.1035, an MRE of 1.88%, an MAE of 0.0566 and a TIC of 0.0028; and the IFOA-LS-SVM model obtained a RMSE of 0.0540, an MRE of 1.05%, an MAE of 0.0189 and a TIC of 0.0014. For quercetin, the SVM model obtained a RMSE of 0.1204, an MRE of 3.99%, an MAE of 0.0965 and a TIC of 0.0080; the LS-SVM model obtained a RMSE of 0.0997, an MRE of 2.05%, an MAE of 0.0557 and a TIC of 0.0030; and the IFOA-LS-SVM model gave a RMSE of 0.0536, an MRE of 0.97%, an MAE of 0.0183 and a TIC of 0.0013. Rutin and the MRE (%) indicator were chosen as illustration: comparing with that of SVM model and LS-SVM model, the predictive error of IFOA-LS-SVM model decreased 72.9% and 44.1%, respectively, which suggests the proposed IFOA-LS-SVM model has higher prediction accuracy for the extraction yield of rutin during the UAE process. For quercetin, a similar result was also found.
A visual comparison between the prediction outputs and the experimental values are also depicted in Figure 11 . As can be seen, compared with the SVM model and LS-SVM model, the prediction values of IFOA-LS-SVM model were closer to the experimental values and the errors of the IFOA-LS-SVM model were less than those of the SVM model and LS-SVM model. That is, the prediction performance of the proposed IFOA-LS-SVM model surpasses other two models in term of predicting the extraction yields of quercetin and rutin from Euonymus alatus (Thunb.) Sieb.
To further prove the IFOA-LS-SVM model having a good universality for the prediction of extraction yield, the prediction result of different models on generalization dataset are also listed in Table 3 . As we can see, the SVM model obtained a RMSE of 0.1192, an MRE of 3.81%, an MAE of 0.0798 and a TIC of 0.0049; the LS-SVM model gave a RMSE of 0.0903, an MRE of 2.05%, an MAE of 0.0466 and a TIC of 0.0023; the IFOA-LS-SVM model obtained a RMSE of 0.0596, an MRE of 0.97%, an MAE of 0.0224 and a TIC of 0.0011. For quercetin, the SVM model gave a RMSE of 0.1008, an MRE of 3.86%, an MAE of 0.0776 and a TIC of 0.0045; the LS-SVM model obtained a RMSE of 0.0889, an MRE of 2.78%, an MAE of 0.0425 and a TIC of 0.0020; the IFOA-LS-SVM model gave a RMSE of 0.0612, an MRE of 0.99%, an MAE of 0.0231 and a TIC of 0.0014. In order to clearly illustrate comparative results, the MRE (%) indicator and rutin are chosen as illustration. As can be seen, comparing with those of the SVM model and LS-SVM model, the predictive errors of IFOA-LS-SVM decreased 74.5% and 52.7%, respectively. Meanwhile, the visual comparison illustrations for the two analytes are shown in Figure 12 . As can be seen, the IFOA-LS-SVM model has fewer estimation errors compared to the SVM model and LS-SVM model. Similar to the testing dataset, the comparison result on generalization dataset suggests that the proposed IFOA-LS-SVM model also has good universality ability. In conclusion, the proposed IFOA-LS-SVM model has a good prediction performance for the yield prediction of quercetin and rutin from Euonymus alatus (Thunb.) Sieb. Meanwhile, the visual comparison illustrations for the two analytes are shown in Figure 12 . As can be seen, the IFOA-LS-SVM model has fewer estimation errors compared to the SVM model and LS-SVM model. Similar to the testing dataset, the comparison result on generalization dataset suggests that the proposed IFOA-LS-SVM model also has good universality ability. In conclusion, the proposed IFOA-LS-SVM model has a good prediction performance for the yield prediction of quercetin and rutin from Euonymus alatus (Thunb.) Sieb. Meanwhile, the visual comparison illustrations for the two analytes are shown in Figure 12 . As can be seen, the IFOA-LS-SVM model has fewer estimation errors compared to the SVM model and LS-SVM model. Similar to the testing dataset, the comparison result on generalization dataset suggests that the proposed IFOA-LS-SVM model also has good universality ability. In conclusion, the proposed IFOA-LS-SVM model has a good prediction performance for the yield prediction of quercetin and rutin from Euonymus alatus (Thunb.) Sieb. 
Comparison between IFOA-LS-SVM Model and MR Model
In order to further compare the prediction ability of the proposed model, a classic multiple regression (MR) analysis was employed for the determination of the empirical relationships for estimation of target extract yield. Due to similar extraction characteristics between quercetin and rutin, to simplify the modeling process, the extraction process of quercetin was selected as the only study object in this study.
MR Model
Multiple regression is a time-honored technique, which is used to predict the variance in an interval dependent according to linear combinations of dummy independent variables, dichotomous or interval [44] . Generally, multiple regression aims to learn about the relationship between a dependent variable and several independent variables. The general equation of multiple regression is expressed as follows [45, 46] .
where n represents the number of dependent variables, a represents the regression coefficient, X represents the independent variable, and c is a constant which represents the regression line intercept.
To establish the predictive model of multiple regression with the process parameters obtained from Section 3.1, the experimental data were tested and used as the basic statistics. For characterizing the variation of extraction yield of quercetin used as an independent value, the SPSS Version 22.0 (2015) package was used to calculate the descriptive statistics such as mode, median, standard deviation, minimum, maximum, mean, and so on.
Multiple regression analysis was performed to correlate the measured extraction yield of quercetin to six extraction parameters, i.e., X 1 , extraction time; X 2 , extraction temperature; X 3 , ultrasound power; X 4 , ultrasound frequency; X 5 , solvent volume/sample ratio; and X 6 , ethanol solution concentration (Table 4) . Multiple regression models to predict extraction yields of quercetin and rutin were given below.
where y represents the extraction yield of quercetin. In order to compare the prediction performance of these two models, a good indicator, the coefficient of correlation between predicted and experimental values, was used in this study. The relationships between predicted and experimental values obtained from the IFOA-LS-SVM model and MR model for the extraction yield of quercetin are shown in Figure 13 . As can been seen, the IFOA-LS-SVM model and MR model have good correlation coefficients with R 2 = 0.975 and R 2 = 0.895, respectively. It indicated that the IFOA-LS-SVM model has a uniform and very small deviation from the quadrant line, which revealed its excellent predictive ability in comparson with MR model for the extraction yield of quercetin. To show the deviations from the experimental values of quercetin yield, the distances between the predicted values from IFOA-LS-SVM and MR models and the experimental values were also calculated and are plotted in Figure 14 . The graphic showed that the deviation interval (from −0.01 to 0.0198 mg/g) of the predicted values from IFOA-LS-SVM model was much smaller than that obtained from MR model (from −0.032 to 0.045 mg/g). The results indicated that IFOA-LS-SVM model has higher prediction performance compared to MR model.
Comparison of Training-Time between IFOA-LS-SVM Model and MR, SVM, LS-SVM Models
In order to further demonstrate the advantage of IFOA-LS-SVM model in terms of training-time, comparisons of the values of training-time for the MR, SVM, LS-SVM and IFOA-LS-SVM models were listed in Table 5 . As can be seen, the training-time value of IFOA-LS-SVM model was 2.298 s, which was much shorter than that obtained by MR and SVM models (which were 16.863 and 27.652 s, respectively), as well as shorter than that obtained by LS-SVM model (which was 3.247 s). It indicated that the improved fruit fly optimization algorithm by optimizing the model parameters can speed up the training speed of LS-SVM model and therefore can shorten the training-time of model. To show the deviations from the experimental values of quercetin yield, the distances between the predicted values from IFOA-LS-SVM and MR models and the experimental values were also calculated and are plotted in Figure 14 . To show the deviations from the experimental values of quercetin yield, the distances between the predicted values from IFOA-LS-SVM and MR models and the experimental values were also calculated and are plotted in Figure 14 . The graphic showed that the deviation interval (from −0.01 to 0.0198 mg/g) of the predicted values from IFOA-LS-SVM model was much smaller than that obtained from MR model (from −0.032 to 0.045 mg/g). The results indicated that IFOA-LS-SVM model has higher prediction performance compared to MR model.
In order to further demonstrate the advantage of IFOA-LS-SVM model in terms of training-time, comparisons of the values of training-time for the MR, SVM, LS-SVM and IFOA-LS-SVM models were listed in Table 5 . As can be seen, the training-time value of IFOA-LS-SVM model was 2.298 s, which was much shorter than that obtained by MR and SVM models (which were 16.863 and 27.652 s, respectively), as well as shorter than that obtained by LS-SVM model (which was 3.247 s). It indicated that the improved fruit fly optimization algorithm by optimizing the model parameters can speed up the training speed of LS-SVM model and therefore can shorten the training-time of model. The graphic showed that the deviation interval (from −0.01 to 0.0198 mg/g) of the predicted values from IFOA-LS-SVM model was much smaller than that obtained from MR model (from −0.032 to 0.045 mg/g). The results indicated that IFOA-LS-SVM model has higher prediction performance compared to MR model.
In order to further demonstrate the advantage of IFOA-LS-SVM model in terms of training-time, comparisons of the values of training-time for the MR, SVM, LS-SVM and IFOA-LS-SVM models were listed in Table 5 . As can be seen, the training-time value of IFOA-LS-SVM model was 2.298 s, which was much shorter than that obtained by MR and SVM models (which were 16.863 and 27.652 s, respectively), as well as shorter than that obtained by LS-SVM model (which was 3.247 s). It indicated that the improved fruit fly optimization algorithm by optimizing the model parameters can speed up the training speed of LS-SVM model and therefore can shorten the training-time of model.
In conclusion, compared to MR, SVM and LS-SVM models, the IFOA-LS-SVM model has highest prediction accuracy with very narrow deviations between the predictive values and experimental values, as well as a shortest training-time, which outperforms the MR, SVM and LS-SVM models in the UAE process forecasting. Furthermore, the proposed model can enormously save resources and manpower by reducing the number of essential experiments. Despite the advantages of the proposed model, few studies have reported to modeling for the UAE process by reducing the number of experiments. Therefore, the proposed model is a hopeful and useful approach to accelerate and enhance the UAE process for different nature products.
Conclusions
The extraction of quercetin and rutin from the stalks of Euonymus alatus (Thunb.) Sieb using ultrasound was investigated. Effects of six process parameters (i.e., extraction time, extraction temperature, ultrasound power, ultrasound frequency, solvent volume/sample ratio and ethanol solution concentration) on extraction yields of quercetin and rutin were evaluated. It was found that all process parameters significantly affected the extraction of quercetin and rutin. Meanwhile, optimal extraction conditions were determined as follows: ethanol solution 60%, extraction time 30 min, solvent volume/sample ratio 40 mL/g, ultrasonic power 200 W, extraction temperature 30 • C and ultrasonic frequency 80 kHz. Taking into account the complex nature of the UAE process, conventional kinetic models are hardly developed. In this work, a hybrid model based on IFOA in combination with LS-SVM was proposed. The prediction performance of the proposed model had been validated by the testing and generalization data gotten from the laboratory. Four error indicators and two visual comparison illustrations between the prediction values and the experimental values were successfully applied for evaluating the prediction accuracy of the IFOA-LS-SVM model. Moreover, the predicting results also were compared with the SVM model and LS-SVM model in detail. The IFOA-LS-SVM model successfully predicted the extraction yields of quercetin and rutin with MRE of 0.97% and 1.05%, respectively, and MAE of 0.0183 and 0.0189, respectively, which are more accurate than those of the SVM and LS-SVM model. Additionally, a classic MR model established in this work was also used for comparing with the proposed model. Results indicated that the proposed model has a good fitness to experimental values, which proved its effectiveness and accuracy for the prediction yield of analytes in UAE process.
